Abstract. In recent years, object re-identification has been a significant topic in computer vision, which is expected in the application of artificial intelligent surveillance. To tackle the problem, metric learning has become an optimal method, and the approaches are concerned with learning a distance function tuned to a particular identification task, and have been shown to be useful in conjunction with nearest-neighbor methods and other techniques. This paper provides a survey of existing metric learning approaches for object re-identification, which focuses on the methods based on the application of metric learning. The detailed description of methods is presented for comparison, and several related main datasets are briefly introduced. In this paper, all papers are published ranging from 2013 to 2016, which provides an overview of progress in this area.
Introduction
Nowadays, object re-identification (Re-ID) has been more and more attractive in computer vision, which is due to the requirements of intelligent surveillance in different occasions. Person re-identification is an important technique towards automatic search of a person's presence in a surveillance video [1] [2] [3] [4] [5] , and automatic vehicle identification supports automatic operation of Intelligent Transportation Systems (ITS) by providing various data, such as real-time travel time information, headway preference of drivers, real-time crash prediction, signalized intersection delays [6] [7] [8] . Therefore, more and more researchers try to find a good way to realize the object re-identification application including person Re-ID and vehicle Re-ID.
In such correlative researches, these researchers generally focus on human and vehicles. Human re-identification is to match humans observed in non-overlapping camera views based on their visual features and is very important for inter-camera tracking [1] . Vehicle re-identification is key to keep track of vehicles monitored by a multi-camera network with non-overlapping views [10] . Since the same person observed in different camera views undergoes significant changes of resolutions, lightings, viewpoints, the target person sometimes are difficult to recognize [1] . Recently, more difficulties come up when the resolutions of images are very low and the lighting conditions are unstable [2] . Therefore, lots of researchers are attempting various methods to deal with such problems.
Many researches have been published to find ways to tackle the human re-identification recently. There are various methods based on metric learning, such as Transferred Metric Learning (TML), Deep Metric Learning (DML), Coupled Metric Learning (CML), and Regularized Smoothing Keep It Simple and Straightforward Metric Learning (RS-KISS ML). TML is to weight the training pairs according to their visual similarities between the samples in the candidate set and the query sample, and learn adaptive metrics by maximizing the weighted margins. As for DML [2] , it is a kind of method to combine texture and color together, learning the color feature, texture feature and metric in a unified framework. Coupled metric learning consists of the application of Maximally Collapsing Metric Learning (MCML) followed by Metric Learning to Rank (MLR) [4] [5] . The RS-KISS ML method concatenates all the feature descriptors together, conducts Principal Component Analysis (PCA) to obtain a low-dimension representation for each sample, and then trains RS-KISS or updates the distance metric by using IRS-KISS [6] .
Also, there are lots of researchers focus on vehicle re-identification which frequently apply to road access restriction management, parking sensor, road safety monitoring, freeways toll charge model and so on. Some researchers focus on discussing how to provide vehicle signatures with higher accuracy for vehicle identification algorithms. In [8] , others focus on the re-identification itself assuming that the vehicle detection problem is already solved including extraction of a full-fledged 3D bounding box [9] . There are also some researchers devoting themselves to a Bayesian framework in order to tackle the vehicle re-identification. While many vehicle re-identification system are usually applied to freeways and other free-flowing roads, some researchers try to apply such system for arterial incident detection procedure by utilizing the travel time data.
This paper presents the state-of-the-art methods about object re-identification in recent years. All papers involved are published ranging from 2013 to 2016. Most of them are from CVPR, ECCV, PAMI, etc., even some latest papers are just submitted on arXiv. More precisely, the focus points in this paper are the methods for pedestrian and vehicle objects. A detailed discussion on relevant methods is provided in following sections. In section 2, the human Re-ID approaches and datasets employed in experiments are reviewed briefly. In section 3, the vehicle Re-ID approaches and datasets are described in detail. The conclusion and future works are presented in section 4.
Study on Human Re-Identification Approaches

Dataset
The VIPeR Dataset
The VIPeR dataset [21] is a widely used benchmark for evaluating human re-identification algorithms. It includes 632 persons captured in two camera views with resolution 128×48. Each person has one image per camera view. The VIPeR dataset is challenging because even in the same camera view, persons appear in di erent poses and viewpoints, and lighting and background also change ( Fig.1 ). 
CUHK Campus Dataset and CUHK03 Dataset
The CUHK Campus dataset [1] [5] is captured with two camera views in a campus environment. It contains 971 persons, and each person has two images in each camera view. Camera A captures the frontal and back view of pedestrians, while camera B captures the side views. All images are scaled to 160×60 pixels. The persons are split to 485 for training and 486 for testing (multi-shot), as shown in Fig.2 .
The CUHK03 Dataset [22] includes 13,164 images of 1360 pedestrians. It is currently the largest publicly available person re-identification dataset. It is captured with six surveillance cameras over months, with each person observed by two disjoint camera views and with 4.8 images in each view averagely. In addition, to manually crop the pedestrian images, samples are also provided by detecting with a state-of-the-art pedestrian detector. This is a more realistic setting considering misalignment, occlusions and body part missing. 
ETHZ Dataset
The ETHZ Dataset [7] [23] is widely used for person detection and tracking. Data has been recorded at a resolution of 640*480 pixels and 15 FPS using a stereo pair of cameras mounted on a children's stroller. [23] Consequently, it is applied to person re-identification in lots of research fields. There are 8555 images collected from 146 individuals. Some typical example images are given in Fig.3 . 
Method
In the field of human re-identification, a transferred metric learning was proposed by Wei Li et al. [1] . It tackles some challenging problems under a transfer learning framework. Given a large training set, the training samples are selected and reweighted according to their visual similarities between the query sample and its candidate set [1] . There are two key steps: searching and weighting nearest training samples for each candidate, learning an adaptive metric for each candidate set. In order to find an optimal ranking, each training pair is assigned with a weight according to its visual similarities with the candidate sample and the query sample. They maximize the weighted margins to learn adaptive metrics. As a result, the selected training samples can match the query sample and candidate samples well. Dong Yi et al. tackled the human re-identification by deep metric learning [2] . In this paper, a method is proposed to learn the metric of similarity among image pixel directly. It constructs a siamese neural network including two sub-networks working in a mode of "sample pair ->label" [2] . The flowchart of their method is shown in Fig.4 , including three basic steps. There are two sub-networks, a connection function and a cost function. The CNNs (Convolutional Neural Networks) are composed by two convolutional layers, two max pooling layers and full connected layer. The connection function is used to evaluate the relationship between two samples and cost function was used to convert the relationship into a cost [2] . To elect connection function and cost function, the Cosine function is used as the connection because of its good property and the wide application in many pattern recognition problems, and then the Binomial deviance is calculated as the cost function. By involving of SCNN, this method could deal with the cross view and cross dataset person re-identification problems efficiently and outperform the state-of-the-art methods significantly. Li Wei et al. proposed a coupled metric learning for single-shot versus single-shot person re-identification [3] . By taking advantages of metric learning methods, such as the ranking-specialized metric learning to rank (MLR) [24] , optimizing mean reciprocal rank (OMRR) [25] and the classification-based maximally collapsing metric learning to rank (MCML), a coupled metric learning (CML) method is proposed in this paper. CML maps the original feature space using a learned linear projection, and provides a good platform for further optimization by MLR, resulting in a better ranking space [3] . Then, the framework of CML is introduced by discussing and analyzing linear projections by MCML for an original feature space, which is beneficial for the construction of a more reliable ranking space with MLR. The optimization of MLR is solved by a cutting plane algorithm. Based on structural SVM framework, MLR learns a metric such that data rankings induced by their distances from a query can be optimized against various ranking measures. MCML introduces Kullback-Leibler divergence into the objective function to make intra-class distances as small as zero and inter-class distance as large as infinite. In [3] , it is stated that MCML could be benificial to MLR by constructing a linear projective space eventually.
Dapeng Tao et al. proposed a Regularized Smoothing Keep It Simple and Straightforward Metric Learning (RS-KISS ML) in order to tackle the human re-identification problem [7] . The smoothing [27] and regularization [26] techniques are integrated for robustly estimating covariance matrices in order to present RS-KISS. It summarizes the procedure for the RS-KISS/IRSKISS based person re-identification in the following steps: 1) extracting texture feature and color histogram from each sample; 2) concatenating all the feature descriptors together and conducting PCA to obtain a low-dimension representation for each sample; 3) training RS-KISS or updating the distance metric by using IRS-KISS, and 4) finding the matching rank according the query target. Given the limited page length, we do not detail the other parts, because implementations are easy obtained based upon the references there in [4] .
Study on Vehicle Re-Identification Approaches
Data and experiment environment
A vehicle re-identification algorithm based on multi-sensor correlation
In [8] , the experiment system located at Jiao Da Dong Lu, Haidian District, Beijing, a two-way road with a single lane on each side. The experiment is conducted on a section of 226 m long road heading from south to north. A node is set separately at the downstream and the upstream. There are about 19368 practically measured vehicles in the data. Based on these data, the vehicle re-identification can effectively improve the accuracy of vehicle identification, especially for the buses [8] .
Vehicle Re-Identification for Automatic Video Traffic Surveillance
In [9] , the dataset is collected by M. Dubsk et al. with ground truth speed and distance measurements and evaluate our approach on it. Dominik Zapletal et al construct a web interface and crowd-sourced people's opinion of vehicles that "likely to be the same vehicle". In this way, they collect 24000 individual annotations by approximately 500 people. The system detects a vehicle and automatically extracts its 3D bounding box based on existing fully automatic calibration [28] [29].
Split-and-Match: A Bayesian Framework for Vehicle Re-identification in Road Tunnels
In [10] , the researchers partition the set of 564 manually annotated vehicles into training and testing set to evaluate the method named reviewing re-identification. The training set is composed of 377 vehicles with their corresponding observations in each camera.
Method
Yin TIAN et al. paid their attention to the vehicle re-identification algorithm which based on multi-sensor correlation [8] . They focus on how to provide vehicle signatures with higher accuracy for identification algorithm instead of discussing the identification process. Because there are lots of researches [30] [31] [32] [33] [34] has already discussed the identification algorithm. Their algorithm includes four basic steps: data collection and interpolation, data error estimation, waveform matching, and waveform fusion. The experiment is conducted on a section of 226 m long road. And a node is set separately at the downstream and the upstream. Firstly, they start their work with obtaining the data of the magnetic field, then they use a proper algorithm to segment vehicle signature waveforms which collects by the sensors. Secondly, it denoise the data via synchronization, filtering and fusion according to the law of large numbers. Thirdly, it matches vehicle signatures from different nodes to obtain the spatio-temporal correlations of the signals. After that, they determine the offset between two signature waveforms according to cross-correlation. Then, it set a likelihood of a vehicle signature as the observation measurement, fuse the two signals via a maximum likelihood function, and obtain an ultimate vehicle signature. The ultimate vehicle signatures are used as the inputs of the vehicle identification algorithm, and it can finally identify vehicles. Dominik Zapletal et al. focused on the vehicle re-identification itself assuming that the vehicle detection problem is already solved including extraction of a full-fledged 3D bounding box [9] . There are two main steps of their method. Firstly, it is very important to extract the vehicle detection features, which depend on the proper representation of the data describing key visual characteristics. Secondly, they use a linear SVM (Support Vector Machine) classifier for learning the recognizer of vehicle matches. There are several steps in this re-identification framework. First, the average color histogram vector of a vehicle found in another vehicle set simulating a different camera is used for the first round regression. Vehicles with positive first round regression results are tested in the second-round regression using the average HOG (Histogram of Oriented Gradient) vector. Vehicles with both of the regression results positive are added to another set and considered as highly potential positive re-identification results [9] .
Andres Frias-Velazquez et al. proposed a probabilistic framework that re-identifies vehicles in road tunnels [10] . In order to effectively use a re-identification system for multi-camera tracking, corresponding vehicles need to be re-identified shortly after being detected in consecutive cameras before the proposed method. There are two main steps in their Bayesian framework to solve the vehicle re-identification problem. The first step is matching problem decomposition, which consists of candidate match selection and matching sub-problems. After that, the optimal vehicle assignment for each matching sub-problem is performed with a MAP (Maximum-a-Posteriori) estimation. A fusion of appearance and motion features builds the MAP estimation. And then, in general, an assignment problem can be mathematically described by a permutation function. In these ways, they tackle the vehicle re-identification problem by using their Bayesian framework [10] .
Conclusion
As the application of object re-identification becomes more and more widespread such as intelligent video surveillance, it has not only been an active area but also a challenging task in computer vision. In recent years, a trend of the research about human Re-ID and vehicle Re-ID are popular which address the issue by metric learning methods because they can learn hierarchical nonlinear function relation in order to model the vision system. The typical datasets are generally divided into human and vehicle images. Various extent metric learning approaches are devoted to measure the similarity of the human pairs or vehicle pairs in the gallery set. Although much research is devoted to some datasets which provide simple and static background, more and more research dedicates to real-world scenes. As the accuracy is improved, the significant in practice is boosted gradually. The area for object re-identification will be more and more active.
